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Spatial information aggregation network for traffic sign detection

ZHANG Junlong, HAN Wenhua”

(College of Automation Engineering, Shanghai University of Electric Power,Shanghai 200090, China)

Abstract : [Objective] In response to issues of missed detections, false detections,and large model size in traffic sign detection during
daily driving,an improved EDR-YOLOVS algorithm is proposed. [ Methods] This algorithm enhances the capture of edge information
and multi-scale contextual semantic information, while achieving spatial information aggregation through the re-fusion of low-level
and high-level features. To retain more edge features of traffic signs,we propose an edge detection module (EDB) by combining the
Sobel operator. Additionally,for the purpose of capturing sufficient multi-scale contextual semantic information, the dilated residual
repair (DRR) block is designed and integrated into the C2f module, resulting in the multi-scale perception module DRRC. To enhance
the interaction between high-level and low-level information and to recalibrate target locations, we also propose RCG-FPN.
Furthermore,a Wise-SIoU is designed by considering the direction of mismatch between anchor boxes and ground truth boxes and
placing greater emphasis on anchors of ordinary quality. [Results] On the TT100K dataset, the precision (P),mAP@O0. 5,and mAP
@0. 5:0. 95 increased by 12. 5% ,8. 9% ,and 10. 3% respectively, while the number of parameters decreased by 23%. [ Conclusions ]
Compared to the original model and other algorithms, the proposed method exhibits advantages in higher accuracies and reduced
parameter count,thus improving those issues of missed and false detections and facilitating the deployment on edge devices.
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Tab.1 The ablation experiment results of EDR-YOLOv8 on the TT100K dataset
YOLOv8 EDB DRRC RCG-FPN Wise-SIoU P/%  Pma@o.s0/% Pma@ro.50.0.95/% Fi/%  Npaams /10° 0/(10° « s71)
Vv — — — — 73.6 73.1 55.3 63. 2 3.0 8.1
Vv Vv — — — 74.9 74. 8 56. 1 70.9 3.0 8.3
Vv Vv Vv — — 78.3 75.3 55.9 72.8 2.9 8.1
Vv Vv Vv v — 78.5 77.2 58.5 4.7 2.3 14.9
Vv Vv Vv Vv Vv 82.8 79.6 61.0 75.3 2.3 14.9
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Tab. 2 The comparative experimental results of different models on the TT100K dataset

il P/% Pon@os0/ %  Praro 500,951/ % F/% Nparams /10° 0/(10° « s 1) S/MB
YOLOV5s 69. 4 65. 9 48.9 65. 5 7.1 16.1 14,0
YOLOv6n 63.6 64.0 47. 8 61.7 4.6 11. 4 10.0
YOLOv7-tiny 54.4 50. 7 35.9 54.9 6.1 13.5 11.9
YOLOv8n 73.6 73.1 55.3 63. 2 3.0 8.1 6.0
YOLOv10n 75.2 69. 8 52.9 67.5 2.7 8.3 5.6
YOLOv11n® 69. 8 68. 7 52.4 66. 6 2.6 6. 4 5.3
YOLOv12n'" 56. 6 59.1 44. 3 56. 9 2.5 5.9 5.3
RT-DETR™ 67.2 62.0 48.7 62.3 28.53 100. 8 56. 4
SCHkLS] 76.0 76. 0 56. 7 72.7 2.3 11.0 4.8
SCHkL19] 75.7 76.1 58. 2 72.7 2.5 12.1 5.2
SCHk[20] 80. 9 79. 4 61.7 74.6 2.4 24.5 5.0
CHk[21] 76.9 77.3 58.0 73.0 2.4 23.6 5.3
EDR-YOLOvS 82.8 79.6 61.0 75.3 2.3 14.9 5.0
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Tab. 3 The comparative experimental results of different models on the CCTSDB dataset

A P/% Pun@oso/%  Pmaglo.s0.0.951/ %0 Fi/% Nywams /M 0/(107 « s71) S/MB
YOLOv5s 82.4 67.7 39.9 69. 4 7.0 15.8 13.7
YOLOv6n 82.3 69. 6 40.9 72.7 4.6 11. 3 10.0
YOLOv7-tiny 69.0 53.6 27.7 56. 2 6.0 13.2 11.7
YOLOv8n 83.0 69.6 42.9 70.9 3.0 8.1 6.0
YOLOv10n 84.0 69.9 42.2 71.1 2.7 8.2 5.5
YOLOvlln 81.5 71.0 43.7 72.3 2.6 6.3 5.2
YOLOv12n 82.8 69. 1 41.1 70. 7 2.5 5.8 5.2
RT-DETR 78.3 72.0 42.1 71.6 28.5 100. 6 56. 3
k(8] 82.7 72.9 44. 6 72.4 2.2 10. 2 4.6
SCHk[19] 83.2 74.5 45.1 74. 2 2.4 11.3 4.9
SCHk[20] 83.1 73.0 43.9 72.3 2.4 24.3 4.9
SCHk[21] 82.9 74.2 46.0 74.1 2.4 23.4 4.9
EDR-YOLOvS 83.8 74.6 45.6 74.5 2.3 14.1 4.7
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Tab. 4 TImproved experiment of RCG-FPN on TT100K dataset

T P/% Pos@oso/%  Puaaro.s0.0.95/ % Fi/% N purams /10° v/(10° « s71)
YOLOVS 73.6 73.1 63.2 3.0 8.1
+SD 78.5 78.1 73.3 3.0 13.1
—BD 76.0 77.4 70. 4 2.1 12.4
+CGAFusion 78.8 77 72.7 2.1 12.7
+SBA 78.7 77.8 73.6 2.2 14.7
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Tab.5 The comparative experimental results of models with different Neck structures on the TT100K dataset

*ﬁﬂ P/% PmA@Q so/% PmA@[o. 50,0,95]/% Fl/% ]\]Params/lo6 'U/(log * Sil)
YOLOv8+GFPN 75.5 72.1 54.3 69.6 3.3 8.3
YOLOv8+BiFPN 72.2 73.5 55.9 69.9 2.0 7.2
YOLOv8 -+ SlimNeck 72.9 72.7 55.4 70.5 2.8 7.3
YOLOv8+AFPN 64.9 64. 3 48. 3 62.5 2.6 8.6
YOLOv8+RCG-FPN 78.7 77.8 59.3 74.1 2.2 14.7
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Fig. 10 The comparative experimental results of the improved model under different loss functions on the TT100K dataset
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Fig. 11 Comparison of the detection effect of EDR-YOLOvS with other traffic sign algorithms on the TT100K dataset
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Fig. 12 EDR-YOLOV8 detection effect on real-world scene
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